Wildfire incidents in sagebrush (Artemisia spp.) dominated semi-arid ecosystems in the western United States have risen dramatically in the last few decades. Severe wildfires often lead to the loss of native sagebrush communities and change the biogeochemical conditions which make it difficult for sagebrush to regenerate. Invasion of cheatgrass (Bromus tectorum) accentuates the problem by making the ecosystem more susceptible to frequent burns. Managers have implemented several techniques to cope with the cheatgrass-fire cycle, ranging from controlling undesirable fire effects by removing fuel loads 5 either mechanically or via prescribed burns, to seeding the fire-affected areas with shrubs and native perennial forbs. There have been a number of studies at local scales to understand the direct impacts of wildfire on vegetation, however there is a larger gap in understanding these impacts at broad spatial and temporal scales. This need highlights the importance of global dynamic vegetation models (DGVMs) and remote sensing. In this study, we explored the influence of fire on vegetation composition and gross primary production (GPP) in the sagebrush ecosystem using the Ecosystem Demography (EDv2.2) model, a dynamic 10 vegetation model. We selected Reynold Creek Experimental Watershed (RCEW) to run our simulation study, which represents sagebrush dominated ecosystems in the northern Great Basin. We ran point-based simulations at four existing flux-tower sites in the study area for a total 150 years after turning on the fire module in the 25 th year. Results suggest dominance of shrub in a non-fire scenario, however under the fire scenario we observed contrasting phases of high and low shrub and C3 grass growth.
structure and compositional heterogeneity compared to area-based models (Kim et al., 2012; Moorcroft et al., 2001; Moorcroft, 2003; Sellers et al., 1992) . While EDv2.2 was originally developed for a tropical forest ecosystem, it has since been updated for broader use (Medvigy et al., 2009 ), including to understand fire behavior under different probable scenarios in tree dominated ecosystems (Trugman et al., 2016; Zhang et al., 2015) . EDv2.2 has a fire subroutine which evaluates conditions leading to potential fire ignition 60 and quantifies fire disturbance effects on vegetation. A detailed description of the EDv2.2 model structure including its fire subroutine is available in earlier publications about the model (Longo et al., 2019; Moorcroft et al., 2001; Medvigy et al., 2009 ).
In this model, fire ignition probability is local in origin but can spread into adjacent areas given favorable conditions for fire.
All plants in a burnt patch are killed while carbon and nitrogen are transferred into the below-ground module (Moorcroft et al., 2001) . Users can choose from two separate stochastic mechanisms defining fire ignition conditions in the model. Availability tapertip hawksbeard (Crepis acuminata), and yarrow (Achillea millefolium) are also present (Pyke et al., 2015) . The 2015 Soda Fire burned over 1,000 km 2 in southeast Oregon and southwest Idaho, including approximately 32% of RCEW in its northern 90 parts ( Fig. 2 ). Collaborative efforts between federal, state and private agencies have been applied to assess risk and devise a plan to implement treatments to stabilize burned areas, promote recovery of native plant communities, increase perennial grasses, and reduce invasive annual species (BLM, 2016) .
We used EDv2.2 to run both point-based and regional (all of RCEW) analyses. , 2019) . For the regional runs, we used grids of 1 km resolution covering the entire RCEW area. Table 2 ). These WRF outputs correspond to data from different heights above the ground surface. Wind speeds refer to 10 m above ground, temperature and specific humidity refer to 2 m above ground, downward shortwave radiation, long-wave radiation, surface pressure and accumulated precipitation refer to the ground surface (Flores et al., 2016) . Grid size and time interval of the data are 1 km and 1 hr, respectively. We partitioned shortwave radiation into direct and diffuse, visible and near-infrared components as summarized 110 by Weiss and Norman (1985) . 
Point-based simulation
We ran point-based simulations at four EC tower sites in RCEW to understand the temporal dynamics of PFTs for alternative fire conditions. We initialized ecosystem conditions using representative existing vegetation conditions with equal densities (0.25 plants m −2 ) of shrubs and grasses as PFTs. The shrub density was based on field studies in the area (Glenn et al., 2017) . For the shrubs, we used a PFT especially developed for sagebrush in the study area based on our previous work whereas for the grasses, we used the temperate C3 grass PFT which is the closest match from among available PFTs in EDv2.2. We assumed that this existing temperate grass PFT in the model would represent common perennial grass species in the study area. We tried to minimize interannual climate variability by calculating mean monthly precipitation from thirty years of WRF data , then selecting the year 2012 as the year that most closely matched the 30-year mean precipitation 120 record. All four sites were run for an initial 25 years, after which each site was run with three different scenarios: (i) no fire, (ii) low fire severity, and (iii) high fire severity, for the next 125 years. Fire severity parameter in the model which specifies intensity of disturbance from fire can range from 0 to 1, where we applied 0.5 and 0.9 values for low and high severity fires, respectively. We observed GPP trends of shrub and grass PFTs for these three scenarios at all four EC sites, and compared results with GPP data from the sites (Fellows et al., 2017) . 
Region-based simulation
We performed region-based simulations to explore post-fire vegetation recovery for the entire RCEW area. In this case, we initialized EDv2.2 with a bare-earth scenario from 1990 and ran it for the following 25 years, similar to the point analysis. For this analysis, we used meteorological data from the years corresponding with the simulation years, except for 2018 and 2019
when WRF data were not available. For these two years, we imputed WRF data from other years which closely resembled portion of the watershed without fire. The fire severity parameter in the model was kept at high level (0.9) to relate with the severity observed in the Soda Fire. We ran the model with these conditions for the next 4 years (2015 to 2019). This allowed us to observe changes in GPP between burned and unburned areas across time and space. 135 We compared the results from EDv2.2 based regional simulations to NDVI values derived from Landsat 8 images. Specifically, NDVI maps from selected dates (Fig. 2) were compared with the EDv2.2 GPP outputs from same dates for the respective years. NDVI maps for all years were clipped and resampled to match the spatial coverage and grid resolution (1 km) of the EDv2.2 simulation, before making comparisons.
3 Results
140
3.1 GPP for alternate fire conditions GPP trends for the shrub and C3 grass PFTs were about similar for the LS, WBS and US sites and slightly different for the RMS site located at the highest elevation (Fig. 3 ). Without fire, shrubs eventually dominated to comprise the entirety of GPP persisting through the end of the simulation period. GPP for C3 grass was high during the initial years, but decreased rapidly after about 2-3 years of simulation, while shrub GPP increased gradually and became more dominant than grass after 10-15 145 years. Between 30 and 40 years, shrub GPP peaked, C3 grass GPP completely disappeared, and GPP reached an approximate equilibrium at or slightly above 0.3 kgCm −2 yr −1 for the three lower elevation sites (LS, US, WBS) and 5.0-5.5 kgCm −2 yr −1 for the highest elevation site (RMS).We did not observe any growth of conifer PFTs throughout the simulation period, even for the no fire scenario.
Upon introduction of simulated fire in the model after 25 years, shrub GPP declined abruptly and C3 grass GPP increased 150 dramatically in all four study sites. However, around 25 years after fire is introduced, shrubs initiate a recovery and maintain a gradual increase until reaching a peak in 50-75 years; at the same time C3 grass GPP gradually decreased to a minimal level.
Among four sites, LS site showed the longest time for shrub recovery while the RMS site recovered the quickest. Disturbance rates from fire spiked in the first couple of years when fire was introduced and later stabilized to closely follow the trend of shrub GPP, suggesting the highest disturbance rate at the peak of shrub GPP leading to decline of shrub GPP afterwards. A 155 similar cycle was observed for the remainder of the simulation years. In most of the cases, we observed the peaks of total GPP catching up well with total GPP from the no fire scenario (at a cycle of about 60-75 years), and C3 grass GPP dominates the overall shape of total GPP in the post-fire years.
We identified some differences between low and high fire severity conditions, even though the general trend of GPP dynamics was similar for both. Compared to the low fire severity scenario, high fire severity simulations suggested lower peaks of shrub 160 GPP, despite having approximately equal (or even higher for some) levels of total GPP due to higher levels of grass GPP. The LS and RMS sites showed a broader range of stability for peak shrub GPP (65 years after fire at LS and 50-85 years after fire at RMS) with high fire severity. We compared average annual GPP from EDv2.2 for different scenarios (at an equilibrium state for no fire condition and at the peak level for fire conditions) with the observed GPP from EC flux tower sites from 2015, 
Comparison of modeled post-fire GPP with NDVI
Introduction of fire in the northern portion of the study area to the EDv2.2 simulation resulted in observable loss and recovery of GPP in the burned area. Modeled loss of GPP in the fire-affected area is a gradual process spanning several years following fire (Fig. 5 ). The first year after the fire showed evidence of some disturbance, however the impact was most evident only 170 during the second (2017) and third years (2018) after fire, based on changes between pre-and post-fire GPP output (Fig. 5 ).
The spatial variation in fire-induced disturbance suggests close association with elevation ( Fig. 1) , which largely influences the precipitation pattern in the study area. A hint of recovery in GPP for the fire-affected area is seen only after the fourth year (2019), even though GPP in the burnt area still lags behind the unburnt areas.
Modeled spatial patterns of GPP for pre-fire conditions in 2015 resembled observed NDVI patterns derived from Landsat 8 175 imagery for that same year (Fig. 5 and 6) , along with some notable geographic differences. The simulated model output from 9 https://doi.org/10.5194/bg-2019-510 Preprint. Discussion started: 4 February 2020 c Author(s) 2020. CC BY 4.0 License. . Landsat images were dated July 29 th , July 15 th , July 18 th , July 30 th , and July 24 th respectively for 2015, 2015, 2017, 2018, and 2019. EDv2.2 uniquely predicted higher GPP at some northwestern and southeastern areas in comparison to the rest of the study area, while NDVI clearly depicted higher values for a swath of the southern portion of study area that extends towards the northwest.
In contrast to a gradual decline in GPP predicted by the EDv2.2 simulations after fire, as expected we observed fire effects captured rather quickly by NDVI in Landsat images. However, the severity of damage shown by NDVI maps is rather subtle 180 compared to the strong disturbance patterns in the model outputs. There was a clear reduction in NDVI values in the fireaffected area during the year immediately after fire, but by the second year, differences in NDVI between fire and non-fire areas were largely imperceptible. We calculated Pearson's correlation to further explore the association between modeled GPP and NDVI. We observed weak to moderate correlations for different areas (Table 3 and Fig. S1 in the supplement). In general, correlations were moderate for the burnt areas and moderately strong for the whole area (Table 3) . Correlations for the unburnt 185 areas were moderately weak for different years of data. Lower correlations for unburnt areas in the beginning years (2015 and 2016) could be because of higher variation in vegetation productivity in these areas and because simulated GPP has not yet reached an equilibrium.
When mean NDVI and GPP values (from the EDv2.2 simulation) were plotted for the entire burnt area, unburnt area, and whole area, there was moderate year-to-year agreement among the two sources in terms of immediate fire effects, with 190 agreement primarily limited to immediate burnt area reductions in productivity relative to unburnt areas during the first three years post-fire ( Fig. 7a-b) . While there was more pronounced annual variation in predicted GPP for all types of areas, we observed less variation for NDVI, with 2018 showing the lowest vegetation growth for both type of measures. GPP in bunt areas continued to decrease until the third year post-fire (2018) and hinted towards recovery in the fourth year. In the pre-fire condition (2015), the fire-affected region had 27% less GPP than non-fire affected areas, but this gap increased to 41%, 49%, 195 and 61% in the first (2016), second (2017) and third year (2018) 
